EHMPE LT —ANRICKIRBEBEEFEDONILRENREEZDT—T 7
1V BRHIGH

REMIEE farE R NEATEE RSP LA GRAD

1 [FC&HIC

iT4F, Variational Auto-Encoder (VAE) X° Generative Adversarial Network (GAN) 7¢ & O¥4EJE 5% (Deep Learning)
HITOBBIZE > T, HEOANPOESLEE 2O NYOLDICEEHE, FIILENOF ZEMT 52 &
WHHE & 7o TND . IRIEFE BN L o TER SN A 72 AERE - BiEfigE, 74— 7=A27L
FEZAL TV D, Web ECHERINTZT 4 — 77 = A 7 BYEITF A BENMEETH Y, Z ORISR OFRE &
2o TND.

PEFRBFFENZ N T, GRS E B & F O CBYE & “Real (R¥)) 77Fake ({A#) "HIET 2%y hT—2
WA SN TS, oL, EBROT 4 =77 = A ZHREEOMESR L LT, RYEEOT—% 2y MI#EH
L7esty, v MU —27 OAERME T T 5MERH 5. £ THRIETIE, T4 —7 7 =4 7HRHOX
v NI =27 OPALEES] (RFEOT—XIZx LT, Ry NU—7BRELWREH 1T 5887) %I E3E%
T2z, HHBEE &7 — YRR A W= T 4 — 7 7 oA T RIEERET S, BRI, R 74

(Real/Fake) (2@ T 2EEE M OBREZ TS, #7257 7 A0EBBMOENZESITHE )Ry MY
— 7 PR IEH T LT, BHEORWE D REN RS E AT 5. Ekac T 4 —T T = A JHIB
WXt 572912, SBI (Self-Blended Images) [1]% T, Ry U —27 OFE T — X 2 LIICHRT 5.

2 RERHH

FERFEL L L C, Deepfake DT —# &~ |k Toh 5 FaceForensics++ (FF++) [2], Celeb-DF[3], Face Forensics
In the Wild (FFIW) [4]% I\ 72, FF++HIZ1E 1,000 KO A Y PF LEE (Real) & 23U 5 OMI{RIZ 4 FEHOH:
1EF5 (Deepfakes, Face2Face, FaceSwap, NeuralTextures) % i fH L CAERK S 4725t 4,000 KDOT 4 —7 7 =
A 7 @l (Fake) WEENTWD. KBSETIE, *> MUV =27 OFEMICFF+T —%t > b (U UF Vi
B, FHEAIC Celeb-DF 7 —2 & > b5 518 Bl (Real : 178 B, Fake : 340 #yd), FFIW 7 —4% &
v R 6 500 Bl (Real : 250 Ehilj, Fake : 250 Bhjf) ZHW\ T\ 5, 112, FF++& Celeb-DF iZ5 £ T
WD B DB R

FF++

2 2 L EhE Deepfakes Face2Face FaceSwap NeuralTextures
(Real)

Celeb-DF

Fake
Fig.1 FF++& Celeb-DF (25 £ T2 Mefg 45
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3 Ak

WBRFETIE, DXy bU—72 & LT EfficientNet-b4 ZH\, Flxy hU—27 O ENSELNLHE
ARG E DR~ » 7Tkt LC, HEE TEO—>TH D ArcFace T2 2 & CHIBIMERED A %X
L. BT, BEBREMRIZHE S FE T — 2 AT TH S Self-Blended Images (SBI) Z#EAL, R v hU—
7 OAREE 2@ 5.

Source-Target Generator

\ I Ig=IsOM+ L, O (1-M)
K5 F t
iource-T;a;get I
) ugmentation ; Blending |—
applied to either Target image g S8

source or target Resize & L
I : Base image Translation -
: hd

Source image i / M

Mask Generator lemmmmmmemneao,
v

Landmark Convex N Mask

Detection Hull Augmentation

,L N Output Teacher signal
Attention Y A (probability) Real / Fake
branch

)

Feature Extractor
(EfficientNet-b4)

Output Teacher signal
(probability) Real / Fake

Perception branch

>

1 #BZxXy NU—7 OUFLOFRN

3-1 SBI (Self-Blended Images)

1 1Z7R3 K 912, SBI i Source-Target Generator & Mask Generator & ¥ ##3% & 41TV 5. Source-Target
Generator ClX, AJ) & L7-Ef8 % Source-Target Augmentation (Z XV, YV — AWML ¥ —74 > NERZ AT
L. FLTC, Y—AERBIIH LT, BARSWATRER EOLES AN X 5. —7F7, Mask Generator Ti¥, Dlib
512 HWTHEAF LD T v R~ — 2 1CEE0%, BEEMO~ 27 g4 BT 5. K#%IZ, ~ A 7Bz
WTC, V=REBR L =7y MEifgET L FL, SREREZENRT S.

3-2 EfficientNet-b4

EfficientNet-B4 [4](%, Tan 5|2 X U $#22 S 17 EfficientNet €7 /L D—2>TH Y, £ v b T —27 OIEE (depth),
g (width), 35 X OVERAFEEE (resolution) % [FIRFIZ A7 — Y > 74 % Compound Scaling |2 & > TEXEF =4
I~ BIIAI =2 —F )% v kU —2 (CNN : Convolutional Neural Network) THD. AXxrv hU—21%, 1O
O Stem, 7 >0 Block £, 36 & UURMEN DL S LTI Y, 4 Block [ZEHDE Y 2 — /L TR S LT
%. 4 22—/, Mobile Inverted Bottleneck Convolution (MBConv) % HAHAT & L, Squeeze-and-Excitation

(SE) ¥ 2 — /N &MAAT Z LT, Rl Z1T> T 5. Stem TlE, 3x3 OBEHIALIEIZ L > TATIHE
G BRI T 5. i< 720 Block %, FHMEEEST v o R AED T2 D MBConv E ¥ = — /L & B R
(ZIEMT 5. 45 MBConv ¥ = —/U3, BZHIALEE, EBUE, Swish IEVLRL, X OF ¥ FMOH
FRPEZ5RFH D SE ¥ a— /L THRS D . & T, 1xI OBRRABEE 70— T =) 7,
BIOEEEZE L T, ANEEZ Real”, E7-I13"Fake” DWW NS5 EET 5.
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3-3 Attention #4E

SCER[7]ICH WG TWAD K 912, ARWFZETIE, CNN 2MFER (RMFE CILEMERR) O~ v 7
HLTHNT 21T Z & #A[RE & 95 Attention Mechanism %3 A9 5. Z @ Attention Mechanism T, BETEE
(2%t U CTEAA T S 472 Attention Map 2 W T, F~ » 7 LORT & iz 52 5. #FExRy FU—
7 @ Attention Branch [, 2 2D 2 RILE ARG (I —FR VWA X :3X3), N FIEH{LE, ReLU i&EMAL
B, S5I121 202 RTTBHRIARE (I—F NP A X 1X1, F¥ 28 1) B L0 Sigmoid B b #
&N 5. EfficientNet-B4 D& AR BEATNCH 1 EN D8~ » 7 (I —F /L3 A X:1X1) % Attention
Branch [Z A1 & L, H&EDEHRIAIREOH )% LT Sigmoid B % 35 Z & C, Attention Map % £k
9 %. ZZ T, Attention Map 2NEAFEIRICX ST D X 9 I2FE SE 5720, BEEO~ A 7 Wifg 2 HiiE 5 &
LTHWS., ZThbo~x7EiIT, BEREEMmHEZ A7 7Y Dlib Z IO THEIER LD THS.

3-4 ArcFace
Attention Map |Z X VW AT SR~ v 72 BFEERE~ATIT 5. 22T, e oL,
WATERIND.
Z,=W_x; + b, D
HL, WIXZ TR c IZBITDEMABOELRY Mv, xIANT—5 i OFE~_7 Fv, b I AT
ATHD. BEGBIZBNT, EANT MW, EEBMAY Mg ZEREESn TS, 22T, AT
Ab &0 L Lol E, BFEAEOMEITROLOITEBMTHI LINTED.
Z; = [WIlllxll cos 6, = cos 6 )
T, QW Ex, DR T A TH D, FERHIBWT, Eff7 7 ADOERRT MW, EFHERY b lx;
L D723 417 angular margin penalty[S]| TH D m 2z 5. T bEEEZ, T NAOHo()IX, AT
EFRIND.

exp(s cos(eyi+m))

0 (l) = exp(S cos(eyi+m))+25¢yi exp(s cos O¢) (3)
(AL, yEANT —FiDEMS T 2, sit Softmax BIKO Ay — ) v 787 A—4 T 5.
v bD—0 DIEXEM
BEF Y h U —7 OREBIL, KA TERSND.
_ _igw exp(s cos(Byi+m))
L= N Li=1log exp(s cos(eyi+m))+2t¢yi exp(s cos 0t) @

ZIZT, NiZ7T—##Td 5. Angular margin penalty (m)% IEfif 7 7 ADEHNRYT hLVEFRHENRZ bV EDRR
THIZOREMNMTHZ LT, ZTNHD 2007 MABREVIEI KIICRy NI =7 OFEMTbID.

B aliii=p

PR TIEOFFEEE & L ClE, ROC #h#t (Receiver Operating Characteristic curve) [ D fifE T 5 AUC (Area
Under the Curve) Z H\ 72, AUC OFEIE, AJJE % Real & Fake (253819 2 BROBER E KA T,
KR % 72 BB 31T 23R BIPERE 2 A ISRl CE 2 RICdh 5.

4 R

BEIRAG DR~ > 7B S PBDOF MMEEIRGES 272012, %D MBConv KV ST Fi~y 7 D
P =R R —7 (networkl) , Fxf& VD —2RD MBConv JYH ISR~y 7% B =R T —
7 (Proposed network) , F& & OV D —-2g(1D MBConv LV F1&N =R~y 7% AV 2 ry hT —7 (network2)
LU=, ZORE R, Proposed network @ AUC (0.9442) 23, & DAthd R b7 —7 (networkl : 0.9344, network2 :
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0.9374) JVbEVMEA DT, 22T, ZNHORERIT SBI ICKD AR LB TEHMGL /2. RIZ, ArcFace &>
722> U—7 (Proposed network with ArcFace) &V 72U % v —7 (Proposed network without ArcFace) OD¥ i bt
21T o7 ZOfER, Proposed network with ArcFace @ AUC (% 0.9459 THY, Proposed network without ArcFace
(0.9442) L0H EWAE RGO, BE ORZT hae —% Hu =%y 7 —727 (Proposed network without
ArcFace) DFE T, K277 A ORHBZEMICTIT D7 TAN I FZ AR O 5w B R T HZLIIRNEETH L. L
ST, JTAPEI YTV THRZE R Clt T A Bt 05, — 77, HEBEYE DO—>ThD ArcFace # V-
2% v’ —7 (Proposed network with ArcFace) Ti, [RAICZ7AIZET 57 —X MO EEEAZ TS, D074
OFT —H W OEREZ RS ARy N =I5 PR IEHZET, fAMED BWFFEEZ N TE2eB 2 5.

FRETRELTARE R N — 223 il 7 — 2 Mi L7 R, Celeb-DF 1235175 AUC 130.9459, FFIW T
13 0.8259 A jERLLT-.

5FED

AWFFETIE, DHEET LDO—>Th5 EfficientNet-bd D @SN A EHIRGE DR~ 7125,
R FIEO—>THD ArcFace Zii 322 CHIBIMERED M E&1T 72, SR OMBEEL T, IR T —
DRk R T =Xy ML, R 3x v  NT—oOF AEETEHnT 5.
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